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Abstract

Objective: This study focused on geographic clustering of breast cancer based on residence in early life and identified
spatio-temporal clustering of cases and controls.
Methods: Data were drawn from the WEB study (Western New York Exposures and Breast Cancer Study), a
population-based case–control study of incident, pathologically confirmed breast cancer (1996–2001) in Erie and
Niagara counties. Controls were frequency-matched to cases on age, race, and county of residence. All cases and
controls used in the study provided lifetime residential histories. The k-function difference between cases and
controls was used to identify spatial clustering patterns of residence in early life.
Results: We found that the evidence for clustered residences at birth and at menarche was stronger than that for first
birth or other time periods in adult life. Residences for pre-menopausal cases were more clustered than for controls
at the time of birth and menarche. We also identified the size and geographic location of birth and menarche clusters
in the study area, and found increased breast cancer risk for pre-menopausal women whose residence was within the
cluster compared to those living elsewhere at the time of birth.
Conclusion: This study provides evidence that early environmental exposures may be related to breast cancer risk,
especially for pre-menopausal women.

Introduction

Breast cancer is one of the leading causes of death
among women in the United States. However, the
epidemiology of breast cancer is not yet fully under-
stood. We also do not fully understand mechanisms for
the known risk factors; for instance, why changes in age
at menarche or age at first birth have an impact on
breast cancer risk. A substantial degree of geographical
variation in breast cancer incidence and mortality in the

US has been observed [1, 2]. While inconclusive, several
environmental risk factors are also believed to be
involved in breast cancer incidence [3, 4]. There is
speculation that environmental factors may explain
geographic variation in breast cancer rates not explained
by known risk factors. For this reason, the potential role
of environmental exposures in breast cancer risk is of
particular interest.
In addition, there is a growing interest in early life and

lifetime exposures in relation to breast cancer risk. The
life course approach is of interest because there may be
sensitive time periods for exposures and/or there may be
cumulative effects of lifetime exposure involved in breast
cancer incidence [5, 6]. Early life has an effect on breast
cancer etiology evidenced by the known risk factors
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such as age at menarche, age at first birth and parity.
There is new evidence that even earlier exposures may
have an impact on adult breast cancer risk [7]. Trich-
opoulos [8] suggested that the in-utero and perinatal
period might be pathologically significant and that the
risk of adult breast cancer could be related to high
estrogen exposure in early life. There is also accumulat-
ing evidence that factors related to early exposure, such
as birthweight, may be related to risk [9, 10].
There has been little research investigating possible

effects of environmental exposures in early life on
subsequent breast cancer risk. Using residence as a
proxy measure for environmental exposures, we inves-
tigated whether there was any evidence of geographic
clustering of adult breast cancer cases associated with
their residences in early life. Clustering analyses have
often been used to provide clues for the unknown
etiology of disease, and thus to generate hypotheses for
further epidemiologic research [11]. We looked at the
geographic clustering of residence at early critical time
points: at birth, at menarche, and at the woman’s first
birth. By comparing differences in clustering patterns
between case and control residences, we were interested
in identifying time periods critical to potential environ-
mental exposures and subsequent breast cancer risk.

Methods

Population-based case–control study of breast cancer

We conducted a case–control study of breast cancer in
western New York – the WEB study (Western New
York Exposures and Breast Cancer Study) . Cases were
women, age 35–79 with incident, primary, pathologi-
cally confirmed breast cancer diagnosed in Erie and
Niagara counties during the period 1996–2001, with no
previous cancer diagnosis other than non-melanoma
skin cancer. Controls were frequency matched to cases
on age, race, and county of current residence; controls
under 65 years of age were randomly selected from a
New York State Department of Motor Vehicles list and
those 65 years and over were chosen from a Health Care
Finance Administration list. We ascertained cases by
having a nurse–case finder visit the pathology depart-
ments of almost all hospitals in these counties. One
hospital which did not participate does almost no cancer
surgery and refers patients to other participating hospi-
tals. For the one other hospital that did not participate,
breast cancer cases were identified in the practice of the
breast surgeons who see more than 99% of the cases
from that hospital. Extensive in-person interviews and
self-administered questionnaires were used to ascertain

lifetime residential history and other breast cancer risk
factors. A total of 1166 cases and 2105 controls were
interviewed. Response rates were 72 and 65% for cases
and controls, respectively.
All participants were asked to complete a lifetime

residential history, to list the street address, town/city
and zip code for their current address and then all other
previous addresses throughout their lifetime. Partici-
pants provided 20,240 addresses, an average of approx-
imately six addresses for each individual. In this study
we focused on residence at the time of the participants’
birth, menarche, and at the time that she had her first
birth. Analyses were restricted to women residing in Erie
or Niagara counties at each of these time points. There
were, of course, participants whose addresses were the
same for two or more of these times.
For women with incomplete residential information,

additional information was obtained using historical
city directories. We used these directories to find old
addresses, and utilized various resources, such as web
searches and commercial address databases for recent
addresses. We also examined validity and reliability of
reports of earlier residences in a number of ways. For
birth addresses, we asked for information on birth
address twice and have collected information on reli-
ability of response. For the other time periods, we used
information on maiden name and partial address
information provided by the participants to search for
records in city directories for the appropriate time
periods. To improve our ability to geocode addresses,
we developed several strategies. First, all addresses were
standardized to be matched with the standard format
used in GIS. We used the enhanced version of TIGER
(Topologically Integrated Geographic Encoding and
Referencing Systems), GDT/Dynamap 2000 [12], and
overall matching rates were improved about 15–20 %
when compared with the use of TIGER as a reference
theme. We also used the stand-alone address cleaner
ZP4 (Semaphore Co.) to correct and update zip code
information to be matched with United States Postal
Services certified addresses.
More than 85% of addresses were geocoded using the

above strategies and resources. We failed to geocode
some addresses primarily because of missing residential
information, such as missing street numbers or street
names. Since we are dealing with historical residential
information, the likelihood of missing previous residen-
tial information was higher than that for current
residential information. Table 1 is a summary table
showing the numbers of cases and controls with
complete residential information who resided in the
two counties for each of the time periods. The percent-
age of missing residential information associated with
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each early life event was highest for birth addresses, at
about 20%.

Clustering analyses of residences

To compare clustering patterns of breast cancer cases
and controls at each time period, the primary method
used was based on the k-function [13]. The k-function
for a point process is defined as the number of events
within distance h of an arbitrary event, divided by the
overall intensity of events. It is estimated by

kk̂ðhÞ ¼
Xn

i¼1

Xn

j¼1

wðsi; sjÞ�1Iðdij � hÞ=n; h > 0

where n is the number of events, k is the expected density
of events in the study region, h is the pre-specified
distance, dij is the Euclidian distance between point i and
point j, I is an indicator function that is equal to one if
inter-event distances (dij) are less than or equal to h, and
zero otherwise, and w(si, sj) is an edge correction
estimator which is the proportion of the circumference
of a circle centered at si, passing through sj and that is
inside the study area A [14]. Under the null hypothesis of
spatial randomness, the expected value of k(h) is ph2.
Geographic clustering will yield values of the k-function
that are greater than this, since clustering will result in
more pairs of points separated by a distance of h than
would be expected in a random pattern.
We used the difference between k-functions for cases

and controls to compare two patterns (i.e., D(h) = kcase
(h) – kcontrol (h)). Positive values of D(h) indicate spatial
clustering of cases relative to the spatial clustering of
controls. Under the null hypothesis of random labeling
of cases and controls, the expected value of D(h) is zero,
indicating that the k-functions of the cases and controls
are the same. The test statistic, D(h), was calculated with
confidence envelopes using the splancs library in S-plus
[15]. We obtained the approximate 95% confidence
limits for two standard errors ð� 2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VarfDðhÞg

p
Þ at the

a ¼ :05 level [16]. When the estimated function D(h)
deviated from zero by greater than two standard
deviations, we interpreted this as a statistically signifi-
cant difference between the case and control patterns.
We also employed a spatial clustering method to

identify significant geographic clusters of breast cancer
cases. The spatial scan statistic [17], which considers the
likelihood of observing the actual number of cases inside
of a circle under the null hypothesis of no clustering, was
applied to residence at early life events. We were mainly
interested in spatial clustering of high rates, and
employed the Bernoulli model based on the locations
of individual cases and controls [18]. In addition, odds
ratios (OR) and 95% confidence intervals (95% CI)
were obtained using logistic regression, adjusting for
age, education, age at menarche, parity, history of
benign breast disease, family history of breast cancer.
All analyses were conducted for the entire group of
study participants and for data stratified on menopausal
status. Women were considered post-menopausal if their
menses had ceased permanently and naturally. Among
other women, participants were also considered
post-menopausal if any of the following conditions were
true: they were on hormone replacement therapy and
were over age 55, they had had a bilateral oophorec-
tomy, they had had a hysterectomy without removal of
the ovaries and they were older than 50, their menses
had ceased permanently due to radiation or other
medical treatment and they were older than 55.

Results

Characteristics of subjects included in the analysis,
subjects with missing residential information, and sub-
jects excluded due to residence outside of Erie and
Niagara counties, are shown in Table 2. About half of
the sample was excluded for each time period; the
highest percentage of ineligible cases and controls was at
the birth residence (46 and 51% respectively). However,
we found little difference in characteristics between

Table 1. Residential history of breast cancer cases and controls: numbers and percentage of complete and missing residences in Erie and Niagara

counties: WEB Study, 1996–2001

Complete residence Incomplete or missing residence Total eligible Erie and Niagara county

residence at each time period

Case Control Case Control Case Control

Birth 505 (79.9%) 804 (81.0%) 127 (20.1%) 189 (19.0%) 632 993

Menarche 673 (87.3%) 1143 (88.1%) 98 (12.7%) 154 (11.9%) 771 1297

First birth 616 (86.4%) 1153 (87.3%) 97 (13.6%) 167 (12.7%) 713 1320
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those subjects included and those subjects with ad-
dresses outside of these two counties.
Mapping was used to identify geographic patterns of

breast cancer cases and controls for each of the early life
events. Maps showing the locations of cases and
controls in Figure 1 portray the underlying geographic
patterns of breast cancer cases and controls in the study
area. The rectangular region was used instead of the
actual county boundary as an approximate boundary of
the study area to protect individuals’ confidentiality.
The purpose of such mapping is to inspect patterns
visually – the first step in any spatial analysis. Geo-
graphic patterns do not appear to vary much from one
time period to the next, and they appear to reflect
patterns of population distribution in the study area.
However, it is difficult to determine whether they were
clustered or dispersed relative to population from visual
inspection alone, because of the large number of data
points.

To assess potential effects of geographic selection bias
in our study, we also examined the distribution of current
residence in relation to other population data on the
geographic distribution of breast cancer cases and the
general population. We did not find differences in the
geographic distribution of participating and non-parti-
cipating cases, or between controls and the underlying
population, except some tendency for both cases and
controls living closer to the interview site to be somewhat
more likely to participate than those living further away.

Spatial clustering of residences associated with early life

events

We obtained differences between the case and control
patterns for locations associatedwith each early life event.
The k-function differences for values of h up to 15 miles,
with approximate 95% confidence envelopes, are shown

Table 2. Characteristics of subjects included in the analysis, subjects with missing residential information, and subjects excluded due to residence

outside of the study area (Mean � SD): WEB Study, 1996–2001

Cases (n = 1166) Controls (n = 2105)

Included Missing Ineligible* Included Missing Ineligible*

Birth (n = 505) (n = 127) (n = 534) (n = 804) (n = 189) (n = 1112)

Age (years) 56.5 � 10.9 60.0 � 11.0 58.9 � 11.3 55.6 � 11.7 58.0 � 11.8 59.4 � 11.7

Education (years) 13.5 � 2.4 13.1 � 2.5 13.6 � 2.7 13.4 � 2.2 13.2 � 2.2 13.3 � 2.5

Parity 2.2 � 1.5 2.4 � 1.7 2.4 � 1.8 2.6 � 1.8 2.7 � 1.8 2.8 � 1.8

Age at menarche (years) 12.4 � 1.5 12.6 � 1.5 12.7 � 1.7 12.7 � 1.7 12.6 � 1.6 12.7 � 1.7

Age at first birth (years) 24.3 � 4.6 23.5 � 4.5 24.2 � 5.1 24.5 � 4.3 23.5 � 4.2 24.0 � 4.7

Pre-menopausal (%) 35.2 18.9 26.4 31.7 28.6 24.6

Body Mass Index 28.2 � 6.4 28.4 � 5.8 28.7 � 6.4 28.0 � 6.2 28.2 � 6.0 28.4 � 6.4

Family history of breast cancer (% yes) 21.3 18.9 20.2 12.7 16.2 12.4

History of benign breast disease (% yes) 34.9 37.0 32.8 22.3 25.9 20.6

Menarche (n = 673) (n = 98) (n = 395) (n = 1143) (n = 154) (n = 808)

Age (years) 56.6 � 10.7 60.1 � 11.6 59.5 � 11.3 56.0 � 11.7 60.2 � 11.7 59.9 � 11.6

Education (years) 13.5 � 2.4 12.8 � 2.6 13.6 � 2.8 13.4 � 2.2 13.0 � 2.3 13.3 � 2.6

Parity 2.2 � 1.6 2.8 � 1.8 2.5 � 1.8 2.6 � 1.8 2.9 � 2.1 2.9 � 1.8

Age at menarche (years) 12.5 � 1.6 12.8 � 1.5 12.7 � 1.7 12.7 � 1.6 12.6 � 1.7 12.7 � 1.7

Age at first birth (years) 24.3 � 4.6 23.0 � 4.3 24.2 � 5.3 24.4 � 4.5 23.8 � 4.4 24.0 � 4.6

Pre-menopausal (%) 30.3 24.5 24.6 33.8 23.4 23.3

Body Mass Index 28.1 � 6.2 29.5 � 6.4 28.7 � 6.5 28.3 � 6.5 27.6 � 5.5 28.2 � 6.1

Family history of breast cancer (% yes) 20.2 22.4 20.6 13.1 13.2 12.1

History of benign breast disease (% yes) 34.5 40.8 31.9 22.3 19.5 21.3

First Birth (n = 616) (n = 97) (n = 453) (n = 1153) (n = 167) (n = 785)

Age (years) 57.4 � 11.1 58.9 � 10.8 58.5 � 11.2 57.0 � 11.7 60.6 � 10.7 58.5 � 12.0

Education (years) 13.4 � 2.3 13.0 � 2.9 13.7 � 2.8 13.3 � 2.2 13.0 � 2.1 13.4 � 2.6

Parity 2.7 � 1.3 3.1 � 1.5 1.7 � 1.9 3.0 � 1.5 3.4 � 1.7 2.2 � 2.0

Age at menarche (years) 12.6 � 1.5 12.5 � 1.8 12.6 � 1.6 12.7 � 1.6 12.6 � 1.5 12.7 � 1.7

Age at first birth (years) 24.8 � 4.8 22.2 � 4.1 23.4 � 4.9 24.7 � 4.6 22.9 � 3.5 23.3 � 4.4

Pre-menopausal (%) 29.4 26.8 26.0 32.2 18.0 26.6

Body Mass Index 28.4 � 6.3 30.1 � 6.6 28.2 � 6.3 28.1 � 6.1 28.3 � 6.5 28.4 � 6.4

Family history of breast cancer (% yes) 21.2 23.7 18.6 11.5 19.4 13.6

History of benign breast disease (% yes) 34.7 37.1 32.7 21.0 25.1 22.0

* Ineligible due to residence outside of Erie and Niagara county.
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in Figure 2. Themaximum value of h is generally taken as
one-third of the linear extent of the study area [19]. Any
patterns beyond this scale can be disregarded, since either
peaks or troughs in this geographic scale are difficult to
interpret, and are potentiallymisleading. Figure 2a shows
k-function differences for birth residence. It is clear that
the estimated function shows strong evidence of spatial
clustering, that is, of clustering of cases relative to
controls. There was no significant difference up to three
miles; statistically significant differences were detected
beyond the scale of three miles. There is also evidence of
some degree of clustering for breast cancer cases at
menarche residence (Figure 2b). Estimates of the D-
function are positive but not statistically significant up to
seven miles; spatial clustering of breast cancer cases
occurs at a scale of about 7–15 miles. For residence at
women’s first birth and for current residence, the differ-
ence is not statistically significant; the plot falls within the
confidence interval over all distances (Figures 2c and d).

To determine whether there are any differences in
clustering patterns by menopausal status, the k-function
difference was performed for pre-menopausal and post-
menopausal women separately (Figure 3). We found
significant clustering of pre-menopausal breast cancer
cases compared to controls for both birth and menarche
residence (Figures 3a), while there is no evidence of
clustering for post-menopausal breast cancer cases for
either period (Figures 3b). We did not find evidence of
clustering for first birth and current residence (at
diagnosis) for either group (not shown). Estimated
functions at birth residence show a strong clustering of
pre-menopausal cases over the entire geographic scale
with a peak at seven miles. Values are positive for post-
menopausal cases, but not statistically significant. For
menarche residence, we also observed a strong clustering
of pre-menopausal cases with a peak at about 8–10 miles.
Again differences are not statistically significant for post-
menopausal women at menarche residence.

Fig. 1. Residential location of breast cancer cases and controls at each time period: WEB Study, 1996–2001.
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Identifying the geographic location of breast cancer clusters

To identify the geographic location of areas with higher
intensities for pre-menopausal cases in the study area,

the spatial scan statistic was applied to residences of
pre-menopausal women at the time of birth and
menarche. Maps in Figure 4 present results of the
clustering analysis. The circle in Figure 4a indicates

Fig. 2. k-function differences in clustering patterns between breast cancer cases and controls, WEB Study, 1996–2001: shown are k-function

differences in black and 95% confidence limits in grey.

Fig. 3. k–function differences in clustering patterns between breast cancer cases and controls by menopausal status, WEB Study, 1996–2001.
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clustering of birth residence for pre-menopausal cases
when compared to controls. We found a circular cluster
of birth residence for breast cancer cases with a 5.7-mile
radius in the area including part of the city of Buffalo,
and the towns of Amherst, Cheektowaga, and Tona-
wanda (shaded areas). There are 100 observed breast
cancer cases inside the cluster, while 76 breast cancer
cases are expected. The cluster was significant at <0.01
with 999 Monte-Carlo simulations.
Further, we examined breast cancer risk associated

with residence in the cluster at the time of birth. When
we compared other breast cancer risk factors, such as
age, education, and age at menarche, for the pre-men-
opausal breast cancer cases and controls whose birth
residence was inside the cluster to those who lived
outside of cluster, we did not find significant differences
between the two groups (data not shown). We observed
an elevated breast cancer risk for pre-menopausal
women living in the cluster at the time of birth. With
subjects living outside the cluster as a reference group,
the adjusted odds ratio was 2.65 (95% CI 1.75–4.0) after
controlling for age, education, age at menarche, parity,
history of benign breast disease, and family history of
breast cancer.
We also identified clustering of menarche residence

for pre-menopausal women and obtained similar results

as for birth residence. We were able to identify a small
clustering of menarche residences for pre-menopausal
breast cancer cases. A small cluster in the center of those
four towns was detected (Figure 4b). It is a cluster with
0.8 mile radius and is statistically significant at
p < 0.05. The cluster contains nine observed and 3.1
expected breast cancer cases, yielding a relative risk
(ratio of observed to expected breast cancer cases) of
2.9. A secondary cluster was also detected near the city
of Buffalo. It has a three-mile radius and relative risk of
1.38 with 65 observed and 47 expected breast cancer
cases, but it is not statistically significant (p¼ 0.38).

Discussion

To our knowledge, no other studies have examined
clustering of residential locations associated with cancer
during early life: studies have examined clustering of
residential locations at the time of diagnosis or death
[20]. Critical time periods, including birth, menarche,
and women’s first pregnancy, as important early life
and reproductive events in women’s life, may play a
substantial role in the risk of breast cancer. Under the
hypothesis that there may be sensitive time periods in
women’s lives that will carry greater risk for exposure,

Fig. 4. Geographic clustering of residence at birth and menarche: pre-menopausal breast cancer, WEB Study, 1996–2001.
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the essential question was whether cases were more
clustered than the underlying population, as repre-
sented by the controls. We found that cases were more
clustered than controls at the time of birth and
menarche, and it was due to clustering of residence
for pre-menopausal, but not for post-menopausal
breast cancer. The evidence for clustering of residential
locations at birth and menarche was stronger than
evidence for clustering at the time of women’s first birth
or other time periods in adult life. Our findings suggest
that there may be identifiable etiological processes
linking exposure and breast cancer risk, especially for
pre-menopausal women, and that early exposures may
be of particular importance.
This study provided a unique opportunity to examine

clustering of breast cancer cases and controls at various
points during early life. The facts that the study area had
a relatively stable population and about 40% of study
participants were lifetime residents, made the results
more reliable. The evidence that residence in early life
was important in the geographical clustering of breast
cancer cases may be of particular importance for
understanding environmental determinants of breast
cancer. These findings suggest the importance of early or
lifetime exposure in relation to disease risk in adult life,
and also the potential role of the effects of migration on
exposures and disease risk. Although migration can
have a serious effect on the detection of geographical
differences in disease risk, it has not been adequately
addressed in previous clustering analyses [21]. Further
investigations are required to prove any relationship
between geographic clustering of residence and breast
cancer risk, and the effects of residential changes on
exposures should be considered in these studies.
Our finding of clustering was restricted to pre-

menopausal breast cancer. We stratified on menopausal
status because of evidence that there were differences in
risk factors for pre- and post-menopausal women [22].
The mechanism of the observed difference is not clear.
It could be that early life exposures impact pre-
menopausal more than post-menopausal disease
because of greater temporal proximity. There is some
evidence, though not consistent, that other early expo-
sures may differ by menopausal status. For example,
there are data suggesting that birthweight may be more
associated with pre- than with post-menopausal breast
cancer [9, 23].
The results should be interpreted cautiously due to the

fact that there may be some artifacts of the analysis.
First, it is important to note that spatial point patterns
are complex to summarize in a single way [24]. For
example, the use of cumulative scales in the application
of the k-function method may influence the outcome

[25]. In particular, clustering is more likely to be
detected on a larger geographic scale, and it tends to
show continuous patterns over several neighboring scales
due to the fact that the geographical scales are cumu-
lative. Further refinement of methods to summarize
spatial point patterns may provide more reliable results,
as well as more accurate estimates of disease risk.
Second, this study is limited to current residents in the

study area because we focused on the residential
environment of Erie and Niagara counties; participants
residing outside of these two counties at the time of each
early life event were not included. The existence of
missing residential information and potential selection
bias due to non-participation may influence the results.
As noted, we found no difference in participation by
residence for cases compared to controls. Further we
would expect that our findings on the clustering of
early-life residence would be less subject to potential
geographic selection bias than would current residence.
We found a greater degree of clustering for residence at
early life than for current residential location.
Further, the fact that residence at birth and menarche

were often the same made it difficult to differentiate
associations for the two time periods. For 22% of cases
and 35% of controls, the menarche residence was the
same as their birth residence. While the observed
tendencies may be related to environmental exposures,
it is also possible that clustering of residence at the time
of birth or menarche may be due to clustering of other
socioeconomic or demographic factors. Evaluation of
the contribution of socioeconomic status to clustering of
residences at birth and menarche is of special interest.
There may be other factors associated with residence not
measured in this study. The findings are still of interest
for further study in order to understand what those
exposures might be. We are now investigating the
relation between spatio-temporal clustering of resi-
dences and exposures to environmental compounds,
such as PAHs and benzene, to provide epidemiologic
evidence of this finding.
Since the publication of John Snow’s [26] well-known

cholera map for the city of London in the 19th century,
the relationship between the environment and disease
has been one of the major research themes in medical
geography. Geographic perspectives are of great use in
describing geographical patterns of diseases, generating
hypotheses on disease etiology, monitoring high risk
areas of disease incidence, and suggesting possible
causal factors of particular disease [27, 28]. Our study
demonstrated that these GIS-based clustering analyses
provide effective ways to explore spatial–temporal
patterns of clustering. The findings show consistent
results; the cluster identified by spatial analyses
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remained significant when traditional epidemiologic
methods were used, and it was not explained by
potential confounders. A recent study comparing ‘tra-
ditional’ epidemiological methods, GIS, and point
pattern analysis for use in the spatially referenced public
health data concluded that results complement, rather
than contradict or duplicate each other [29].
In summary, this analysis of breast cancer clustering

in space provides evidence of geographic clustering of
pre-menopausal, but not post-menopausal, breast can-
cer cases at the time of birth and menarche, suggesting a
possible influence of exogenous risk factors on breast
cancer at these time points. While it is not clear from
these data what caused this spatial clustering, it is
provocative in providing evidence of the importance of
this early period in breast carcinogenesis. Further
investigations on genetic susceptibility may be of
relevance to identify different effects on pre- and post-
menopausal breast cancer. It will also be meaningful to
see whether there is temporal clustering of early-life
residences as well as spatial clustering. This type of
study also needs to be replicated in other settings.
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